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Intelligent rehabilitation assessment technology integrating machine vision
and inertial measurement sensors
SUN Hongming, ZHENG lJianli, YIN Ziming

(School of Health Science & Engineering, University of Shanghai for Science & Technology, Shanghai 200093, China)

[ Abstract] In order to alleviate the problem that patients with motor dysfunction are inconvenient to frequently go to the hospital
for rehabilitation evaluation, this paper proposes a home rehabilitation evaluation technology based on " Internet +" , which provides

reference for rehabilitation physicians, saves the time of rehabilitation physicians and patients, and alleviates Insufficient medical

resources. For the evaluation of the upper limb rehabilitation scale for stroke patients, the long—term and short-term memory

artificial neural network classification model established only by inertial measurement sensors or machine vision has an accuracy rate

of 55.6% and 92.6% in the test samples, respectively. At the same time as the 3D coordinates of the human body, the orientation of

the limb is obtained through the inertial sensor and the data of the two are fused. The long short—term memory artificial neural
network classification model is further used to analyze the data, and the classification accuracy rate of 98.1% in the test sample is

obtained. good experimental results.
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Fig. 6 The change of direction and movement trajectory of upper limbs in Brunnstrom stage V patient
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